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			Sclerotinia sclerotiorum is a predominant plant pathogen, with host crops of agricultural and economic importance internationally. South African host crops of importance include canola, soybean and sunflower, which contribute significantly to the South African economy. This significance emphasises the importance of effective disease management strategies, including rotation with non-host crops, planting cultivars with a degree of tolerance, and using relevant cultural and chemical practices. The sporadic nature of disease outbreaks caused by Sclerotinia spp. can complicate fungicide application timing as a result of the pathogen’s interaction with the host and environment. The use of prediction modelling for diseases caused by Sclerotinia spp. can contribute to increased fungicide application efficacy and a reduction in the number of unnecessary sprays. Predictive modelling is based upon the collection and statistical analysis of multi-locality and multi-seasonal, pathogen, disease and weather data. Incorporating the complexity of disease initiation and development into such models is dependent on selecting the correct statistical tools to interpret appropriate data, which can be used to develop a model that is accurate, precise and reliable. Internationally, forecasting models for diseases caused by Sclerotinia spp. exist and are applied commercially for multiple Sclerotinia spp. on important agricultural crops. The application of these models in a South African context has been limited but provides promise for effective disease intervention technologies. This review provides a platform to raise awareness of the potential applications of plant disease epidemiology and the use of statistics and mathematical modelling in agricultural systems. Plant disease forecasts are an important part of the future for sustainable and economically viable agronomic decisions.

			Significance:

			
					•	Optimisation of plant disease management through ensuring that fungicide applications coincide with disease-favourable conditions, thus targeting the disease more strategically. 

					•	The use of mathematical and statistical models to quantify the interactions among the host, pathogen and environment and predict future outbreaks of the disease. 

					•	The study of temporal and spatial interactions among the host, pathogen and environment on plant disease behaviour.
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			Introduction

			Sclerotinia sclerotiorum Lib. (de Bary) has the potential to cause disease in more than 400 plant species.1 Internationally, economically important host crops of S. sclerotiorum include canola, dry bean, lettuce, peanut, soybean and sunflower.2 In South Africa, primary risk crops are soybean and sunflower, with an increasing risk in canola.3 The most prominent sign of Sclerotinia spp. is white cottony mycelium growing on infected plant tissues, with subsequent production of large melanised hyphal masses, called sclerotia. Symptoms associated with Sclerotinia diseases include a watery soft rot or wilting that can cause the collapse and death of host plants.2

			Yield losses caused by S. sclerotiorum, particularly on canola in Sweden, the United Kingdom and Germany, may reach between 50% and 70%.4,5 Canola is the third most valuable crop in Canada, where production has been severely affected by S. sclerotiorum.6 In sunflowers, Sclerotinia head rot has been responsible for USD200 million damage annually in America.1 In 2003, an estimated loss of USD1.9 million in the state of North Dakota (United States of America) was incurred as a result of Sclerotinia white mold on dry bean.7 In South Africa during 2014, the effects of Sclerotinia stem rot of canola gained more attention as a consequence of the greater prevalence of the disease during that season compared to previous years.8 Sunflower and soybean epidemics causing up to 60% severity and 65% yield losses, respectively, were recorded in South Africa over the 2013/2014 season.9 

			The economic importance of many of the crops affected by Sclerotinia spp. emphasises the importance of effective disease management strategies. Management of these diseases through rotation with non-host crops is limited by the extensive host range and duration of survival of sclerotia in soil. Agronomic management decisions – such as cultivar selection, proper irrigation management, planting dates and plant density – can also contribute to lowering disease severity.4,10,11 The use of tillage practices in fields previously infested with S. sclerotiorum, to manage diseases caused by S. sclerotiorum, remains a point of contention.9 Coniothyrium minitans is used as a biological control agent for fields previously infested with S. sclerotiorum, and is commercially available in South Africa.9 However, timely fungicide applications, at critical host growth stages, can provide the most effective prevention measure for Sclerotinia diseases. Currently, there are a limited number of preventative registered active ingredients in South Africa for fungicide use on peas and sunflower; these include benomyl and procymidone.12 However, the cost of fungicides and their application in addition to the potential need for multiple applications are constraints to the wider use of chemical control.3,8,9

			The development of statistical or mathematical models for the manage­ment of plant diseases, through providing decision tools for prophylactic intervention and timely applications of fungicides, is based upon understanding the spatial and temporal aspects of plant disease epidemics. The sporadic nature and seasonal variation in Sclerotinia diseases complicates the development and validation of forecasting models. Current applications of disease models include forecasting disease initiation and severity, crop losses, pathogen dispersal and the timing of intervention technologies.13 This review provides a platform to indicate the potential of predictive models for S. sclerotiorum in a global context and to promote economically viable Sclerotinia management strategies in South Africa. 
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			Epidemiology of diseases caused by Sclerotinia spp.

			Sclerotinia sclerotiorum infection of plants is largely driven by environmental variables which affect sclerotium survival and ascospore production.2 In order to understand interactions within and among variables vital for the generation of effective disease prediction, a discussion of these determinants must precede a review of disease prediction models. 

			Formation and germination of sclerotia

			A key life-cycle component of S. sclerotiorum is the sclerotium, the primary survival propagule. The prevention of formation, survival or germination of sclerotia is a primary disease control strategy.14 Significant variation among S. sclerotiorum strains and, thus, varying sclerotial development and germination responses among strains, has been recorded.15 However, in South Africa, low recombination frequencies have been recorded and strong similarities between isolates within and across provinces has been reported, suggesting that the population is young and developing.16 Sclerotia can survive in the soil for 3 to 10 years. However, their survival is dependent on numerous factors, including Sclerotinia species, sclerotial size and shape, soil type and chemistry, soil microbial populations likely to degrade sclerotia, previous crops planted and climatic conditions.4,16-19 Sclerotia have two germination mechanisms which initiate the processes of plant infection: carpogenic germination and myceliogenic germination.1 These processes allow the pathogen to act as an air- and soil-borne pathogen, respectively.20 The complex nature of influences causing either carpogenic or myceliogenic germination has not been determined absolutely and, thus, confounds progress in research and model development. 

			Carpogenic germination

			Carpogenic germination of sclerotia results in stipe initiation followed by apothecia formation, responsible for ascospore release.1 As a result, airborne inoculum is produced, facilitating the spread to, and the infection of, aerial tissues of host plants. Forcible discharge of ascospores is thought to be as a result of moisture tension, and atmospheric relative humidity (RH) fluctuations, allowing ascospores to travel distances ranging from 10 mm to over 100 m.1,21 Thus, ascospores are not only found in the field in which the host crop is produced or infected.16,18 Preconditioning of sclerotia is required to activate dormant sclerotia to germinate carpogenically. The duration of optimum conditions and variation among factors influencing preconditioning have resulted in the requirements for preconditioning being based on general assumptions. For example, it is assumed that sclerotium preconditioning usually occurs during winter or the non-cropping season.2 In most cases, freezing is non-essential, although temperatures between 4 °C and 20 °C are sufficient to trigger carpogenic germination.2 

			The interaction between RH and air temperature is pivotal to the formation of apothecia, while soil temperature and moisture influence sclerotial germination responses.1,11 Atmospheric temperatures ranging from 5 °C to 25 °C with high RH (not quantified in the literature cited) for approximately 10 days promote the development of apothecia.2,18 When RH is at an optimum and air temperatures are ≥30 °C or ≤5 °C, increased incubation time and reduced carpogenic germination rate have been recorded, despite optimum RH.19 Soil temperatures ≤10 °C and ≥35 °C significantly reduce sclerotial survival and carpogenic germination. Soil moisture ≥30% is favourable for apothecia formation.2,11 Sclerotia in the upper 20 mm to 30 mm of the soil profile are regarded as competent epidemiologically; stipes at a depth >30 mm are rare under natural conditions, and stipes deeper than 30 mm cannot reach the sunlight needed for apothecial development.11 Soil moisture in the upper 30 mm varies greatly as a result of surface weather conditions, notably air temperature, RH and wind as well as the growth stage of the crop. The latter is related to crop canopy density – a denser canopy increases RH and, therefore, soil moisture in the top 30 mm.18 Cook et al.22 found that sclerotia at >30 mm burial depths remained under exogenous dormancy, largely because of reduced soil moisture fluctuations which served as an anti-sclerotium germination stimulus. 

			The total time required for the formation of stipes to the initial dispersal of ascospores is approximately 3–4 weeks.7 Once released, ascospores are viable for approximately 17 hours but, if conducive conditions are not present, host tissue infection will not occur.23 Larger sclerotia produce greater numbers of apothecia and, thus, greater amounts of ascospores.2 Sunflower head rot and canola and soybean stem rot are driven by carpogenic germination.24,25

			Myceliogenic germination

			Myceliogenic germination forms hyphae and mycelium from sclerotia, and is responsible for the direct sub-terrain infection of host plants, resulting in basal stem rots. The maximum distance between sclerotia and the host plant for infection to occur is 20 mm.26 Colonisation of organic matter as an energy source, for the formation of mycelium and subsequent infection, is considered the germination trigger.16,18 

			Sclerotinia sclerotiorum regulates myceliogenic germination through sclerotial melanisation.1 Incompletely melanised sclerotia are prone to reduced survival as a result of increased microbial degradation, sensitivity to adverse conditions and the absence of dormancy.1,24 Myceliogenic germination will occur when a minimum of 12 hours of moderate temperatures (20–25 °C) with high RH (≥80%) occurs.2,27 However, drying of sclerotia prior to higher soil moisture is known to trigger germination.18 Soil moisture fluctuations between 30% and 100% field capacity promotes myceliogenic germination and host infection. Myceliogenic germination plays a major role in the disease cycle of Sclerotinia sunflower basal stalk rot and wilt and soybean basal stem rot.24,25
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			Infection process

			Infection by ascospores occurs most frequently once flowering has commenced, as petals provide an exogenous source of nutrients and a path to infection. However, infection may take place before flowering on mechanically damaged or necrotic tissues.28 Approximately 48–72 hours of continuous leaf wetness, RH ≥85% and temperatures of 20–25 °C are required for infection by ascospores.5,18 However, infection by ascospores and subsequent disease development have been recorded at RH as low as 25% and soil moisture of 30%.2,29 Mycelium is more tolerant to desiccation than ascospores and thus is more tolerant at lower RH.7 Once infection has been initiated, S. sclerotiorum has the ability to remain inactive (latent) in host tissue in the absence of free moisture, resulting in delayed or arrested lesion development until favourable moisture levels re-occur.30 

			It is evident that survival, inoculum production and infection of plants by S. sclerotiorum involves numerous stimuli and pathogen responses to weather conditions, agronomic activities and host growth stages during critical phases of pathogen survival and growth. These variables need to be considered during model development to ensure the accuracy and precision of disease predictions. 

			Prediction models used for Sclerotinia spp.

			In Europe, the management of Sclerotinia stem rot in winter canola is based on prophylactic fungicide sprays at full bloom as resistant cultivars are not available.31 However, field experiments between 1981 and 2004 indicated that fungicide sprays were only 27–33% cost-effective.31 Bearing in mind the high cost of chemical applications, especially in view of the cost of procimydone within South Africa, this level of fungicide efficacy causes significant economic risk to producers.12 The introduction of Sclerotinia risk assessment methods can benefit producers through the identification of intervention thresholds for optimising the timing of management strategies.32 Models used to forecast diseases caused by Sclerotinia spp. vary in complexity from relatively low input point system models to more complex, multivariate systems. The following is a brief overview of the types of models, their applications and potential uses in a South African context. 
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			Risk point systems

			Risk point systems for diseases caused by Sclerotinia spp. have been developed for canola in Canada33, Germany34 and Denmark35. Prediction using the risk point system of Ahlers34, for example, provided an accuracy of approximately 60% with a prevailing overestimation of disease incidence. An overestimation of disease risk will result in the unnecessary applications of fungicides and, thus, yield the model redundant. A similar Swedish risk point system was evaluated and calibrated to yield the model presented in Table 1.4

			The Swedish risk point system was developed for spring sown canola in Sweden, using field-specific weather parameters and agricultural production practice data.4 The only input requiring routine effort is the regional risk analysis for apothecium development, for which naturally produced sclerotia are placed in canola fields during spring, and monitored weekly to record the average number of apothecia developing from 100 sclerotia in each region. 

			Table 1:	Forecasting model for Sclerotinia stem rot of canola4

			
				
					
					
					
				
				
					
							
							Risk factor

						
							
							Possible answers

						
							
							Points

						
					

					
							
							Number of years since last oilseed rape crop

						
							
							More than 6 years

						
							
							0

						
					

					
							
							3–6 years

						
							
							5

						
					

					
							
							1–2 years

						
							
							10

						
					

					
							
							Disease incidence in last host crop

						
							
							None

						
							
							0

						
					

					
							
							Low (1–10%)

						
							
							5

						
					

					
							
							Moderate (11–30%)

						
							
							10

						
					

					
							
							High (31–100%)

						
							
							15

						
					

					
							
							Crop density

						
							
							Low

						
							
							0

						
					

					
							
							Normal

						
							
							5

						
					

					
							
							High

						
							
							10

						
					

					
							
							Rain in the last 2 weeks

						
							
							Less than 10 mm

						
							
							0

						
					

					
							
							10–30 mm

						
							
							5

						
					

					
							
							More than 30 mm

						
							
							10

						
					

					
							
							Weather forecast

						
							
							High pressure

						
							
							0

						
					

					
							
							Variable

						
							
							10

						
					

					
							
							Low pressure

						
							
							15

						
					

					
							
							Regional risk for apothecium development (per 100 sclerotia)

						
							
							0–5 apothecia

						
							
							0

						
					

					
							
							6–10 apothecia

						
							
							10

						
					

					
							
							11–100 apothecia

						
							
							15

						
					

				
			

			

			Producer will answer the risk factor questions and allocate the associated risk points; the sum of these points provides the producer with a fungicide application recommendation. If risk points are: 

			≤ 40, fungicide application not recommended 

			40–50 points, region of unknown risk

			≥ 50, spraying recommended

			The principle of risk point models is that potential answers are allocated weighted points based on the relationship between each risk factor and disease severity as observed in field evaluation trials. The Swedish risk point model evaluates fields at canola growth stage 65, i.e. flowering. The factors ‘number of years since last oilseed rape crop’ and ‘disease incidence in last host crop’ take sclerotial build-up and survival into consideration and thus primary inoculum pressure; ‘crop density’ takes into account the canopy microclimate; ‘rain in the last 2 weeks’ and ‘weather forecast’ take into account meso-climate; and ‘regional risk for apothecium development (per 100 sclerotia)’ provides the model with the risk of primary inoculum in specific regions. The points are totalled, and a fungicide application recommendation is made. If risk points are ≤40 then a fungicide application is not recommended. The area of unknown risk is between 40 and 50 points. If the risk points are ≥50 then a severe incidence of canola Sclerotinia stem rot is expected, and spraying is recommended. Twengström et al.4 evaluated the accuracy of the risk point system at multiple sites over two seasons. The model correctly identified 75% of fields that required fungicide application. A 16% error occurred in which spraying was recommended but was not required. 

			During a 4-year trial, Foster et al.36 monitored carrot crops, microclimate and pathogen variables in Canada to identify variables associated with white mold onset. Based on the relationships among variables and the number of apothecia/ascospores, the percentage of soil surface coverage by canopy growth (CG), mean daily soil moisture potential (soil matrix potential, SMP), and daily maximum or mean soil temperature (ST) were selected to develop algorithms to predict inoculum and, thus, disease risk. Crop closure at 100%, when one or two plants had collapsed leaves and 70–80% of plants were senescing, activated the forecasting system as a critical crop threshold was met. Initial apothecia observations were always after canopy closure, explaining the percentage soil surface shade in Table 2. The soil matrix potential and ST were included as microclimate factors as they were highly correlated (p=0.01) with initial ascospore occurrence (Table 2). The contribution of each level of selected crop and climate factors for any given day was described on a risk point system on a scale of zero to three – the higher the value, the higher the contribution to risk. 

			Table 2:	Crop and microclimate risk factors, factor sub-ranges and corresponding multiplier values of points used to calculate risk for the occurrence of apothecia and ascospores of Sclerotinia sclerotiorum in carrot crops in Ontario, Canada36 

			
				
					
					
					
				
				
					
							
							Risk factor

						
							
							Factor sub-range

						
							
							Risk points

						
					

					
							
							Crop
Canopy growth (CG)

						
							
							<95% of soil surface shaded
95–100% of soil surface shaded

						
							
							0
1

						
					

					
							
							Microclimate
Soil matrix potential (SMP)

						
							
							<-40 kPa
-40 to -30 kPa
-30 to -20 kPa
> -20 kPa

						
							
							0
1
2
3

						
					

					
							
							Soil temperature (ST)
Mean/maximum

						
							
							≥25 / ≥ 30 °C
19 to 25 / 27 to 30 °C
19 to 22 / 24 to 27 °C
≤19 /≤ 24 °C

						
							
							0
1
2
3

						
					

				
			

			

			The producer will measure the risk factors and allocate the associated risk points. Each of these risk factors is multiplied and the sum of the multiplication over 7 days renders a 7-day severity index (SDSI) value, as illustrated by:

			SDSI = ∑ (day 1-7) (CG × SMP × ST). 

			SDSI range interpretations:

			0 to 32 risk points, ascospores < critical threshold = low risk present and management not required 

			33 to 44 risk points, ascospores > critical threshold = risk present and intervention could be required 

			45 to 63 risk points, ascospores > critical threshold = high risk and disease management practices should be applied

			The risk algorithms were constructed to generate 7-day severity index values (SDSI). The models were as follows:

			Model 1: SDSI = ∑(day 1-7)(CG x SMP x ST)

			Model 2: SDSI = ∑(day 1-7)(CG x SMP)

			Once the crop threshold had been satisfied, the critical microclimate thresholds were the mean daily SMP of -40 kPa and mean ST of <25 °C. Model 2 is ideal for situations in which soil temperature data cannot be readily obtained, as they are excluded from the model. 

			Foster et al.36 were able to reduce the number of fungicide applications, without compromising the degree of control provided, by using the calendar-based applications using Model 1. Model 1 was made available to Ontario carrot producers in 2006, therefore only Model 1 risk levels are discussed. Risk levels were as follows: (1) those in which the SDSI ranged from 0 to 32, ascospores were present but less than critical threshold for disease development, thus risk was present but management was not required; (2) SDSI ranged from 33 to 44 and ascospores were present and greater than critical threshold, thus the risk of disease was present and intervention could be required; (3) SDSI ranged from 45 to 63 and ascospore numbers were greater than critical threshold, indicating disease management practices should be applied as disease was likely to develop. Within-field ascospore numbers were measured on plates containing amended potato dextrose agar (PDA) selective to Sclerotinia species, as spore traps. The plates were placed on the bed of the carrot crop canopy for three consecutive hours in the mornings at each sampling site. The critical threshold was set at 10 colony forming units (CFU) per plate.37 

			The model developed by Foster et al.36 is based on the same risk point premise as that of the Swedish risk point system; however, it takes into account more specific microclimate quantifications and the use of ascospore monitoring. The development of the algorithm was dependent on environmental variables being measured within a distance of 4.7 km from each field, and the authors suggested a limit of 5 km for the effective application of the models. A limitation, however, of both Models 1 and 2 is that of the labour-intensive and time-consuming process (approximately 3 days delay) of collecting and counting the CFUs, potentially resulting in the window of opportunity for fungicide applications being missed.37

			The advantages of using relatively simple risk point tables to forecast when to apply fungicides are that they are easy to utilise by growers, have a quick and effective result distribution, are an inexpensive system and this method does not require the use of elaborate scientific equipment. This forecasting method allows for planning and cost-effective management in the agricultural industry.4 
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			Prediction models based on petal infestation

			Gugel and Morrall32 identified a positive linear relationship between percentage petal infestation (PPI) of early bloom canola crops by asco­spores of S. sclerotiorum and disease incidence (DI), although the regression R² values, an indicator of the goodness of fit of the model, were generally low. The model was based on the assumption that petal infestation reflects inoculum potential. Infected petals were found even when apothecia were not observed, indicating that extrinsically produced inoculum could also be recorded using this method.32,38

			A forecast was derived from a prediction curve associated with the above regression model, where <45% mean percentage petal infestation (MPPI) corresponded with a low risk of disease, i.e. <20% mean disease incidence (MDI); 45–90% MPPI indicated moderate disease risk associated with a 20–40% MDI, and high disease risk correlated with MPPI ≥ 90% i.e. MDI ≥40%.6 In subsequent trials, Turkington et al.6 re-evaluated this relationship and the feasibility of using PPI as a forecasting tool in canola fields in Canada from 1985 to 1990. During the study, crop canopy density and timing of flowering were identified as valuable variables to determine MPPI, and thus MDI. They used arcsine-transformed MDI (TMDI) to meet the assumptions required for the regression analysis:

			Y=β0 + β1 X1+e

			where Y=TMDI, β0  = intercept, β1  = slope, X1 = MPPI and e = error.

			Canola canopy density was assessed qualitatively by rating crops as light, moderate or heavy in canopy. The inclusion of the canopy density correctly forecasted 73% of the disease risk over a 6-year period. However, the general tendency was that forecasting for disease risk below 45% was the most accurate.41 The assumption of moisture being related to crop canopy density proved limiting, and the inclusion of weather data and sampling throughout the flowering period was to be followed in future studies to allow for more reliable and accurate forecasting of disease risk.6 

			Turkington and Morrall39 speculated that petal infestation and disease risk may fluctuate in relation to changing conditions during flowering as a result of canopy density. Canopy density was quantified by measuring crop height, stem thickness, percentage light penetrated and leaf area index. Weather variables included temperature, RH and leaf wetness. Each of the canopy density variables correlated significantly with MDI. Assessments of petal infestation were conducted during early, full and late bloom; the MDI was significantly positively correlated with petal infestation at full and late bloom, and accounted for 98% of the variation in TMDI. This was associated with the increase in RH, daily leaf wetness, and the amount and pattern of rainfall during canopy closure, indicating that the relationship between MPPI and MDI is defined by the weather conditions during flowering. The addition of these variables to the existing model correctly forecasted disease incidence in 73% of 343 crops studied over a 6-year period. Disease incidence that was underestimated or overestimated in any field could be explained by the changes in PPI in below or above average canopy densities over the flowering period. The inclusion of petal infestation levels over the duration of the flowering period, as well as canopy density, increased the forecasting accuracy to 99%. Research conducted by Del Rio40 supported the above model as weather conditions and the effect of crop microenvironment ultimately determine the relationships between disease incidence and petal infestation. This is correlated to the presence of sclerotia in the upper 20–30 mm of the soil profile, which are affected by the canopy microclimate.11

			Canola flowers are most susceptible to infection by S. sclerotiorum when diurnal fluctuations – in RH, temperature and wind – occur and flowers have been fully opened for at least 2 days but are not near the point of wilting.6 In the evening RH increases, while RH decreases during the day; increasing temperature and wind speed also result in a decrease in RH. These fluctuations affect the release of ascospores, but if the reduction in RH is too great, the ‘drought effect’ could decrease ascospore release. Wet petals or petals collected prior to heavy rain could result in an underestimation of disease because of the requirement of moisture for the release of ascospores.6 Late bloom infections could prove a limitation to the model, as disease would have advanced and caused significant yield losses, thus fungicide applications would not be an advantage to producers. Furthermore, the abscission of leaves and resultant changes in the canopy density and microenvironment could halt stem infection. However, fungicides applied after early bloom may not be economically viable and, thus, late bloom infections may be associated with the risk of reduced fungicide efficacy. Further limitations may include equipment cost and expertise for monitoring equipment at multiple assessments, the variation in the ability of farmers to monitor variables associated with canopy density accurately and weather variables at infection. Thus, the use of a qualitative checklist including ‘overcast, frequent rainfall and moderate temperatures’ provided an indication of the risk of canola stem rot and thus the application of fungicides, but not a definitive forecast of when disease would be present in the field.39

			Bom and Boland41 found that the inclusion of soil moisture (SM) with petal infestation provided a stronger prediction model than petal infestation alone. The best prediction was achieved when a critical soil moisture content (SMc’) of -10 or -15 kPa was used in combination with petal infestation data. Fields with greater disease incidence (>20%) and a lower critical SMc’ had the greater number of correct predictions of disease risk, in contrast to fields with limited disease incidence (<20%) in which disease risk was predicted correctly in fewer fields.36,41

			Petal infestation, in canola crops, was recorded in various regions of Switzerland over 10 years, but severe Sclerotinia stem rot was observed only in years in which air temperature ≥12 °C between early and full bloom (growth stages BBCH 61 to 65).42 This temperature threshold was believed to account for the poor correlation between the infection of petals with S. sclerotiorum and the severity of disease recorded in previous studies. Gladders et al.43 evaluated the incidence of Sclerotinia on petals of canola in England. Inoculum was considered limiting for disease development. In other areas, petal infestation was much greater (>50% was the threshold) and subsequent Sclerotinia stem rot incidence warranted disease control measures. Analysis of data (personal observation, Gladders et al.43) indicated an exponential relationship between petal infestation (X) and Sclerotinia stem rot severity (Y) where Y = 0.44X1.71 (R² = 0.78).

			Initial studies to determine the incidence of petal infestation were dependent on grow-out tests on amended Sclerotinia selective PDA medium.44,45 More recently, PPI quantification has been based on serological46,47 and polymerase chain reaction (PCR) methods48, and commercial test kits are available. The PPI model developed by Gugel and Morall32 and amended by Turkington and Morrall6,39 is a practical on-site model which farmers can conduct and apply themselves as Sclerotinia selective PDA kits and instructions are provided. 
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			Prediction models based on carpogenic germination

			Sclerotinia sclerotiorum causes lettuce drop which, in England, accounted for GBP9.5 million in losses at the farmgate in 2001.11 A model to forecast disease risk using carpogenic germination of sclerotia was developed and evaluated.49 This model is dependent on soil temperature and soil water potential as independent variables. The temperature components take into account temperature effects on sclerotia pre-conditioning for carpogenic germination. The assumption is that sclerotial pre-conditioning is a prerequisite for carpogenic germination and thus implied disease risk.11

			The rates of pre-conditioning and germination were represented as follows:

			Rc = a + be-kt	(exponential equation)

			where Rc is the rate of conditioning; T is soil temperature; and a, b and k are constants. 

			[image: 284724.png]	(Arrhenius equation)

			where Rg is the rate of sclerotium carpogenic germination; d0 and d1 are constants; and T is soil temperature. 

			The model developed by Clarkson et al.11 supported research completed by Phillips50 which stated that pre-conditioning of sclerotia by lower temperature resulted in more rapid sclerotium germination. Sclerotia not exposed to 4 °C conditioning, took more than 75 days to germinate, and less than 50% germinated. This indicates that temperature fluctuations can affect disease predictions. Optimum temperatures of 18 °C to 20 °C are required for the completion of the germination process within 30 to 50 days, when the soil has a water potential threshold of -100 kPa. A decrease in germination frequency occurs as temperatures approach 25 °C, with no germination at temperatures >26 °C and soil water potentials >-300 kPa. 

			Disease forecasting models, particularly those based on predicting critical inoculum potential, can have many sources of variation, including the pathogen isolates as well as the environment. However, the above models (exponential and Arrhenius equations) accurately predicted the germination or non-germination of sclerotia at approximately 80% of 64 sites. Errors associated with ‘carpogenic germination’ models, especially those associated with soil water potential, have limited the reliability of outcomes, because of the model’s sensitivity to soil water potential. The above model is not yet complete as numerous issues must still be resolved, although Clarkson et al.49 believe that the approach of predicting initial inoculum present in the field is promising for future effective prediction of Sclerotinia lettuce drop.
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			Probability regression models

			Logistic and Poisson regression models were developed by Mila et al.51 to calculate the prevalence and incidence, respectively, of Sclerotinia stem rot on soybeans. The percentage of infested fields in a region and the percentage of infected plants per field defined prevalence and incidence, respectively. Logistic regression can be applied when the target variable is qualitative with two categories, e.g. disease and no disease. Poisson regression is used in the study of rare events when the responses take on the form of counts. Sclerotinia stem rot was only found in 85 of the 1545 fields sampled, thus the occurrence of the disease can be considered a rare event.51 The input variables for the models include soil conditions, agronomic practices and weather variables, i.e. temperature and rainfall. Tillage practices (i.e. conservation, minimum and conventional tillage) and soil texture were also recorded. 

			The development of the logistic prevalence model was divided into two parts. Model I dealt with the mid-western USA spring conditions (April) and Model II dealt with summer (July and August). The logistic regression analysis was used to identify significant relationships among environmental and disease variables:

			P(Y=1) = exp (∑biXi)/1 + exp [∑biXi]),

			where bi are parameters to be estimated and Xi are covariates or predictors.

			The logistic regression for Model I was: 

			P(Y=1) = exp (bo +b2State + b3AprilTxTillage + b4AprilPr)/(1+exp [bo + b2State + b3AprilTxTillage + b4AprilPr])

			where:

			Y (no, 0; yes, 1) = disease presence in a field

			AprilT = mean temperature in April (°C) and AprilPr = total precipitation in April (cm)

			Tillage (conventional, 0; no tillage, 1; minimum tillage, 2) = indicator variable for tillage practices 

			State (Illinois, 0; Iowa, 1; Minnesota, 2; Ohio, 3) = indicator variable for regional effects. 

			The logistic regression for Model II was: 

			P(Y=1) = exp (bo +b2State +b3AveragexTillage + b4JulyPr)/(1+exp [bo + b2State + b3AveragexTillage + b4JulyPr])

			where:

			Y (no, 0; yes, 1) = disease presence in a field

			Average = mean temperature for July and August (°C) 

			JulyPr = total precipitation in July (em)

			Tillage (conventional, 0; no tillage, 1; minimum tillage, 2) = indicator variable for tillage practices

			State (Illinois, 0; Iowa, 1; Minnesota, 2; Ohio, 3) = indicator variable for regional effects. 

			Soil tillage influenced carpogenic germination, with conservation tillage promoting a greater DI of Sclerotinia stem rot, and ploughing decreasing the frequency of sclerotial germination through the relationship between tillage and soil moisture. Surface residues retained through conservation, minimum and conventional tillage were 30%, 15–30% and <15%, respectively.48

			Strong R2 values indicated that the models had good predictive accuracy with R² = 0.65 and R² = 0.71 for Models I and II, respectively. The models suggested that pre-season regional prevalence prediction of the risk could be feasible. The prediction values with spring (April) temperatures, where low temperature and precipitation increased the regional risk, were related to sclerotia pre-conditioning necessary for subsequent apothecial development.11,49 However, based on previous epidemiological studies (see above) and the significant positive correlation between spring and summer temperatures with DI, Mila et al.51 suggested that Model II was more reliable scientifically and could be used to explain the Sclerotinia stem rot epidemics on a regional scale. The restricted number of observations used to develop the models was a limitation as the Sclerotinia stem rot prevalence was overestimated in regions in which the observed prevalence was low.

			The Poisson regression analysis was: 

			P(y) = λye-λ/y!, 

			where λ = exp(∑biXi) and bi and Xi are the parameters to be estimated and the covariates or predictors, respectively.

			This equation was used to quantify the relationship between independent variables and in-field S. sclerotiorum incidence. More agronomic practices were also incorporated in the Poisson regression analysis, i.e. the use of fungicide-treated seed, weed management, use and type of manure and fertiliser applications (Table 3). 

			Table 3:	Parameter estimates of a Poisson regression analysis used to predict the incidence of soybean Sclerotinia stem rot (caused by Sclerotinia sclerotiorum) using mid-western USA summer variables and agricultural management practices51

			
				
					
					
					
					
					
				
				
					
							
							

						
							
							Poisson Model I

						
							
							Poisson Model II

						
					

					
							
							Variable

						
							
							Parameter estimate

						
							
							Standard error

						
							
							Parameter estimate

						
							
							Standard error 

						
					

					
							
							Intercept

						
							
							6.88a

						
							
							1.3

						
							
							13.28a

						
							
							2.08

						
					

					
							
							Average temperature in July & August

						
							
							-0.46a

						
							
							0.055

						
							
							-0.68a

						
							
							0.09

						
					

					
							
							Iowab

						
							
							0.71a

						
							
							0.28

						
							
							0.48

						
							
							0.35

						
					

					
							
							Minnesotab

						
							
							0.98a

						
							
							0.29

						
							
							0.46

						
							
							0.37

						
					

					
							
							Ohiob

						
							
							-1.67c

						
							
							0.75

						
							
							-2.1a

						
							
							0.77

						
					

					
							
							July total precipitation

						
							
							0.028a

						
							
							0.01

						
							
							0.033d

						
							
							0.02

						
					

					
							
							August total precipitation

						
							
							0.037a

						
							
							0.014

						
							
							0.021

						
							
							0.02

						
					

					
							
							Average temperature in July & August x no tillagec

						
							
							-0.022d

						
							
							0.013

						
							
							-0.027d

						
							
							0.01

						
					

					
							
							Average temperature in July & August x minimum tillagec

						
							
							0.024a

						
							
							0.006

						
							
							0.008

						
							
							0.01

						
					

					
							
							Clay

						
							
							***

						
							
							***

						
							
							-0.03c

						
							
							0.01

						
					

					
							
							June total precipitation

						
							
							***

						
							
							***

						
							
							0.044d

						
							
							0.02

						
					

					
							
							Fungicide seed treatment

						
							
							***

						
							
							***

						
							
							1.63d

						
							
							0.87

						
					

					
							
							Manure application 

						
							
							***

						
							
							***

						
							
							-18.63a

						
							
							5.44

						
					

					
							
							Weed cultivation

						
							
							***

						
							
							***

						
							
							2.42c

						
							
							1.14

						
					

					
							
							Fertiliser application

						
							
							***

						
							
							***

						
							
							-16.5a

						
							
							3.63

						
					

					
							
							Seed treatment x August total precipitation

						
							
							***

						
							
							***

						
							
							-0.24c

						
							
							0.11

						
					

					
							
							Manure x average temperature 

						
							
							***

						
							
							***

						
							
							0.83a

						
							
							0.23

						
					

					
							
							Weed cultivation x June total precipitation

						
							
							***

						
							
							***

						
							
							-0.37a

						
							
							0.14

						
					

					
							
							Fertiliser x clay

						
							
							***

						
							
							***

						
							
							0.63a

						
							
							0.15

						
					

					
							
							Fertiliser x average temperature 

						
							
							***

						
							
							***

						
							
							0.082a

						
							
							0.03

						
					

					
							
							Deviance

						
							
							1.195

						
							
							***

						
							
							628

						
							
							***

						
					

					
							
							Log (likelihood)

						
							
							-528.7

						
							
							***

						
							
							-286.8

						
							
							***

						
					

				
			

			

			aLevel of significance, 1%

			bIndicator variable for regional effect (Illinois, 0; Iowa, 1; Minnesota, 2; Ohio, 3)

			cLevel of significance, 5%

			dLevel of significance, 10%

			eIndicator variable for tillage practices; conventional = 0; no tillage = 1; minimum-tillage = 2) 

			Poisson regression model: P(y) = λye-λ/y!, where y is the diseased soybean plants (1, 2,…,20) and λ = exp(Ʃbi Xi ), with Xi as variables and bi as parameter estimates presented in the table.

			R²-values for this model were low, illustrated when estimated incidences were plotted against the observed incidences and yielded a R2=0.065. The authors speculated that field specific information was not sufficiently integrated into the model, i.e. cultivars may have differed in susceptibility, microclimate variables were not quantified, and ascospore inoculum was not quantified. Under South African conditions, variation in stability of soybean cultivar responses to the disease have been reported and therefore a genetic coefficient to quantify genotype response to potential disease risk may be required when developing a South African Sclerotinia prediction model (sensu McLaren and Craven52). Nonetheless, the procedures and principle of using logistic and Poisson regression provide a useful approach to modelling Sclerotinia stem rot.51

			Harikrishnan and Del Rio7 repeated the logistic regression method to develop a probability model for white mold of dry bean in North Dakota. They increased the resolution of disease measurement (250 fields surveyed from 2003 to 2005) and site-specific environmental data (maximum distance from a weather station was 20 km). Disease incidences ranged from 0 to 96%. Weather parameters recorded from May to August yearly included monthly total precipitation, number of rainy days and mean minimum air temperature (°C). A spray threshold of ≥20% disease incidence was used. Regression parameters are presented in Table 4. Although several forms of the model were evaluated and yielded R² values ≥75%, epidemiological significant predictors were selected. These included total rainfall (mm) in the first half of June, average minimum surface temperature (°C) in July and number of rainy days in August. The final singular model was highly sensitive (97%), specific (85%) and had a strong R² (0.85) associated with the model’s overall statistical accuracy. 

			Table 4:	Parameter estimates of a logistic regression model used to explain white mold incidence (≥20%) in dry bean crops in North Dakota, USA, during 2003 to 20057 

			
				
					
					
					
					
					
				
				
					
							
							Variable

						
							
							Parameter estimate

						
							
							Standard error

						
							
							Variance inflation

						
							
							Pr>X²

						
					

					
							
							Intercept

						
							
							-26

						
							
							8.85

						
							
							0

						
							
							0.0008

						
					

					
							
							TRFJ1

						
							
							-0.05

						
							
							0.02

						
							
							5.01

						
							
							0.03

						
					

					
							
							MINTJU1

						
							
							1.5

						
							
							0.64

						
							
							4.49

						
							
							0.01

						
					

					
							
							RDAUG1

						
							
							1.7

						
							
							0.4

						
							
							1.5

						
							
							<0.0001

						
					

				
			

			

			TRFJ1, total rainfall (mm) during first half of June; MINTJU1, average minimum temperature during first half of July; RDAUG1, number of rainy days during first half of August

			A limitation of the model7 was the overestimation of white mold incidence when disease incidence was <20%, although the model resulted in good accuracy when disease levels were >20%. The authors speculated that the addition of more variables or still greater resolution of disease assessment could be considered to improve accuracy of the model.
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			Crop-loss-related forecasting model

			Koch et al.5 developed a crop-loss-related model known as SkleroPro for winter sown canola in Germany. Although the model was developed in Germany, it has been applied widely in other parts of Europe. Interactions between DI and weather parameters, between DI and agronomic practices, and between DI and the changing price of the commodity in relation to yield gains associated with the cost of fungicide applications were evaluated.5 

			The SkleroPro structure and components are shown in Figure 1. The model runs from GS55 (mid-bud stage) to GS68 (end of flowering, initiation of pod formation), when it was too late for the probability of yield gain from fungicide application.31 Hourly air temperature (T), precipitation (Precip), RH (measured hourly 2 m above the ground) and sunshine hours (Sun) per day are collected from the nearest weather station. These data are used in the computation of within-canopy temperature (T-Cpy) and RH (RH-Cpy). In order for the crop-loss model to give site-specific recommendations, the date of bud stage (GS55) and crop rotation information, i.e. 2, 3 or >3-year cycles (CropR), need to be provided by the canola producers. The inclusion of crop rotation cycles was pivotal to SkleroPro as it proved to be the strongest site-specific factor influencing the disease. The crop development stage (ONTO) is calculated by the multiplication of the growth function (ESF) by the temperature function (TES). This calculation is initiated at the GS55 stage and predicts the GS58 to GS68 using prevailing weather data. This model was developed by the German Meteorological Service.5 The equations are illustrated below:

			ONTO=TES X ESF; where

			[image: 284740.png]

			where T = temperature (˚C) and GS = growth stage provided by the producer.

			The regional risk model is initiated when late-bud stage (GS58) is predicted by the ONTO function, indicating that senescing tissue is present and, thus, initiating a risk of Sclerotinia stem rot. The primary determinant for stem rot initiation is the accumulation of infection hours (Inh). An index (INFEST) is calculated to ensure that the infection hours occur during weather conditions conducive for disease development, i.e. 7 to 11 °C and 80–86% RH, where the optimum temperature for disease development is 18 °C. If the INFEST index indicated the Inh are during suitable conditions and >23 hours after the critical crop growth stage, GS58, a regional risk for stem rot is assumed.5 The INFEST equation is illustrated below: 

			[image: 284774.png]

			where T = temperature and RH = relative humidity. 

			If the regional risk warning is delivered, the hours greater than the 23-hour threshold are accumulated (InhSum), which delivers the site-specific risk forecasts and fungicide application recommendations by calculating the economic damage threshold (Inhi), illustrated below:

			[image: 284790.png]

			where Inhi = economic damage threshold; C= spray costs; P= produce price; E= expected yield; which are provided by the producer. 

			Site-specific information required to calculate the Inhi includes the expected yield, commodity price and fungicide application costs. If the Inhi value is greater than the InhSum value, a ‘yes’ recommendation to spray is delivered to the producer. Routine fungicide applications at GS65 are effective for disease management; however, site-specific recommendations during GS61 to GS69 add economic value for producers by taking advantage of the window of opportunity for maximising efficacy against stem rot infections.5

			In a retrospective evaluation of the model, Koch et al.5 reported a 70% accuracy, with 24% of predictions overestimating DI and 6% underestimating DI. Only 53% of sprays made to routinely sprayed (comprising five applications) fields were justified economically. The model reduced unnecessary fungicide sprays by 39% compared with routine spray applications. During the 2005 season, only 9% of the routine sprays proved to be justified economically, representing a saving of 75% of sprays had the model been applied commercially.5 This model proved reliable as a crop-loss forecast model with a field, site and time specificity with regard to fungicide application recommendations. SkleroPro became available online in 2006, through the Information System for Integrated Plant Production (ISIP).5

			[image: C:\Users\Sbonga\Desktop\Assaf pc\SAJS\Production\Manuscripts files\2017-0155\graphic\Figure 1.tif]

			T, temperature; RH, relative air humidity (hourly, 2 m above ground); Precip, hourly rainfall (mm); Sun, daily sunshine duration; GS, growth stage; CLIMA-Cpy, canopy microclimate; RH-Cpy, relative air humidity in the canopy; T-Cpy, temperature in the canopy; ONTO, simulation model of oilseed rape (OSR) development; CropR, frequency of OSR in crop rotation; DI, disease incidence; InhSum, sum of infection hours; Inhi, number of infection hours corresponding to the level of DI at the economic damage threshold; Recom, spray recommendation (yes or no and when).

			Figure 1:	Functional scheme of steps and components included in the forecasting procedure of SkleroPro from Koch et al.5 
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			Conclusion

			Although the predictive models described here focused on canola, dry bean, lettuce and soybean, the models form a basis for the development of risk assessment for diseases caused by Sclerotinia sclerotiorum on crops important to South African agriculture. Most of the models are built from the same basic driving variables that are restructured and recalibrated for the relevant crops, localities and purposes. The models demonstrate the importance and potential value of crop disease prediction models in the optimisation of timing intervention practices for disease management. Some of the above models have contributed to optimising fungicide application efficiency and have reduced the number of fungicide applications, thus mitigating environmental damage and reducing fungicide resistance build-up.53,54 An important consideration is the number of variables included in the models and the need for a balance between what is practical in the field versus disease risk prediction accuracy. Evident from this review is that this balance has not yet been reached and additional improvements are required for many models to meet these desired characteristics for adoption by farmers. The sporadic nature of diseases caused by Sclerotinia spp. complicates the validation of models. As a result, many producers have been reluctant to implement such decision-support tools, because of a lack of reliability, the need for too many input variables, and a lack of infrastructure to deliver such tools to the agricultural industry. 

			The generation of S. sclerotiorum predictive risk models for South African circumstances will require local monitoring of the disease and the collection of weather and agronomic data from multiple localities and seasons. The Crop Estimates Committee (from the Department of Agriculture, Forestry and Fisheries) has been conducting Sclerotinia surveys with South African producers over the last decade and weather data can be provided by multiple reliable sources. The use of local S. sclerotiorum epidemiological knowledge and data could serve towards development of a forecasting model for South African canola, soybean and sunflower producers.16,52

			The epidemiology of diseases caused by Sclerotinia species is still not fully understood on all possible host crops; therefore, more predictive models can potentially be developed and made available commercially. Predictive forecasts are potentially an important part of the future for economically viable agronomic decisions. Furthermore, it is clear that the models need to be locality-specific with adaptions required before a model can be applied to an area. Therefore, this review reveals opportunities for future research in South Africa for developing S. sclerotiorum forecasting models on susceptible crops of importance grown through the diverse production practices in this region of the world. 
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